This article defines dual-concept diversity as a two-dimensional construct that holds a central place of study in many fields
"reversed" by another researcher to measure concentration (by taking the reciprocal, multiplying by -1, or subtracting the maximum value- Table 1 includes the formulas for a number of measures). Although Glasser (1984) made a distinction between diversity and variety, his distinction was based on whether diversity is measured within radio formats (variety) or across formats (diversity). Both diversity and variety would be operationalized Note. For all the above, p i is the proportion in the ith category where categories = i through j, k is the number of categories in the distribution, N is the number of observations in the sample, n i is the number of observations in the ith category, and r is the rank of the ith category (ranked with 1 as the largest category).
through procedures that are identical except for the base from which the categories are derived.
For the remainder of this article, we refer to the concept as "diversity," except when it is necessary for expositional purposes to use the term concentration or variety.
The general concept of diversity has been applied to a number of different areas. Indeed, the generality of the concept almost guarantees its wide application. In the field of communication, the notion of diversity has received attention from researchers studying the diversity of media sources available to consumers (Napoli, 1999) , the diversity of programming offered on television (Dominick & Pearce, 1976) , the distribution of opinions within a community (Chaffee & Wilson, 1977; Lasorsa, 1991) , and the niche breadth of communication industries (Dimmick, 2002) .
The purpose of this article is threefold: (a) to define diversity as a twodimensional concept, (b) to assess the differential sensitivity of measures of diversity in capturing the two dimensions, and (c) to provide guidance on characteristics important in choosing between diversity measures. We follow Teachman's (1980) definition of diversity as the distribution of population elements along a continuum of homogeneity to heterogeneity with respect to one or more variables. To accomplish our purposes, we analyzed 13 measures of diversity taken from a broad survey of the diversity literature in a number of fields. After assessing each measure and eliminating those measures that are redundant or computationally intractable, we compare the remaining measures of diversity in a time series of 30 years of network radio programming.
The present study extends the work of a number of other researchers in communication and other fields by examining the characteristics of diversity measures. In the field of communication, the present work is closest to that of Kambara (1992) , who also compared diversity measures. The present study differs from Kambara's work in three important dimensions: Kambara compared only 3 diversity measures, whereas we compare 13; Kambara used simulation methods, whereas we employ real data; and Kambara's aim was to ascertain a single best measure, whereas our goal is to provide information on the important characteristics of the various measures so that operationalization choices can be made that take measurement characteristics into account.
The present study does not aim to isolate or describe a single "best" diversity measure but instead to assess diversity index performance under a variety of conditions and in comparison to other indices so that researchers in the field will have some guidance and reference to the behavior of various indices under differing conditions. Although our example involves prime-time radio programming, we believe that these measures are general indicators of diversity and transcend this contextual application.
Conceptualizing Diversity
A number of measures of diversity have been used in the field of communication and in other areas of the social and natural sciences, but not all of them reflect the same conceptual meaning. Napoli's (1999) work concentrated on diversity and its role in policy making and policy research. He referred to three dimensions of diversity: source diversity, content diversity, and audience exposure diversity. Although these are clearly different uses of diversity, they are not dimensions of diversity as conceptualized in the present study. Rather, they may be thought of as contexts in which diversity has theoretical and substantive importance. Indeed, much of Napoli's work was set within a particular policy context, and his research question centered on what, if any, causal relationship exists between the source, content, and exposure contexts of diversity.
In the present study, the term dimension refers not to contexts of application but instead to characteristics of the diversity concept that are present in all contexts. We seek to specify general guidelines related to measures of diversity that might be found in many contexts or applications in which diversity is an issue. It is our contention that the clarification of the concept of diversity and an evaluation of its measures can lead to greater clarity in the research literature in all fields in which diversity is a central concept.
In this light, our focus is on what has been referred to as "dual-concept" diversity by Junge (1994) :
In statistical terms a measure (index) of diversity is a summary description of a population with a class structure. More generally, quantification of diversity is related to the apportionment of some quantity (e.g., number of elements, time, mass) into a number of welldefined classes . . . the complete or dual-concept type of diversity index reflects both the number of classes and the degree of evenness of the apportionment. (p. 16)
Dimensions of Diversity
Most existing diversity measures, whether in communication or other fields, attempt to quantitatively express in one number a conceptualization that represents this two-dimensional (dual-concept) diversity. As Junge (1994) noted, the first dimension of diversity is categorical and is typically a set of discrete classifications within a given distribution. These categories may be classification of ethnic or minority membership, types of firms, program types, or any other relevant discrete classification.
The second dimension alluded to in most conceptualizations of diversity is the allocation of the elements to the categories. Typically, the proportion of cases allotted to a particular category is used as an indicator of this allocation, although some measures use the probability of classification or the frequency of classification. In any case, all of the elements are assigned to categories. Conceptually, then, diversity becomes an interaction of the number of categories with the assignment of elements to those categories. Mathematically, interest is in the flatness of the distribution (Pielou, 1975) . A flat or even distribution is considered most diverse because it indicates that all the categories are equally well represented.
Although dual-concept diversity is most common among the studies in all the fields we examined, a number of studies use "single-concept" diversity in their conceptualizations and measurement. For example, Long (1979) and DeJong and Bates (1991) viewed diversity as simply the number of categories represented within a distribution. As noted previously, Glasser (1984) referred to this type of measure as "variety." However, Napoli (1999, p. 12) pointed out that the Federal Communications Commission typically uses a simple count of the elements, another single-concept measure of diversity, in its definitions of source diversity (diversity related to the owners of various media outlets) or content diversity (diversity related to media presentations). In still another variation of single-concept diversity, Dominick and Pearce (1976) also conceptualized and measured diversity using simply the proportion of programs allocated to the three largest categories, regardless of how many categories were in the distribution.
Dual-concept diversity, by incorporating two dimensions (the number of classes and the distribution of the elements across the classes), provides an index of how evenly distributed the categories are. Dual-concept diversity thus indexes the core meaning of diversity more clearly than a single-concept measure. Although in certain specific instances, researchers may be interested in simply the number of categories or in simply the proportion of a distribution accounted for by a single largest category, such measures are not necessarily indicative of dual-concept diversity.
Conceptualizations that consider only the first dimension (the number of categories) neglect the overall idea of diversity (see Figure 1a ). For example, both of the distributions in Figure 1a have five categories. Using a simple count of the number of categories as the measure of diversity yields the same value for each of those two distributions. However, visual inspection of Figure  1a suggests that the flat distribution (on the right) is more diverse than the distribution in which one category accounts for 80% of the observations (on the left).
Similarly, measures of diversity based purely on some aspect of the distribution of elements without regard to the number of categories also fail to capture the full notion of diversity. For example, diversity may be quite different for two distributions that both have 51% as the largest category ( Figure 1b) . The similarity depends to some extent on how many categories remain in which to parse the remaining 49%. A distribution consisting of one category with 49% of the observations is quite different from one with those 49% distributed across four other categories (the right-hand side of Figure 1b ), yet these would all be treated as equal in measures considering only the category 
Measures of Dual-Concept Diversity
Although some research continues to use single-concept diversity, the literature does not lack measures of dual-concept diversity. In this section, we provide a brief review of the measures of dual-concept diversity in communication and other fields. Electronic searches of scientific and social scientific indexes were conducted to obtain as many separate diversity measures as possible. The criteria for the inclusion of measures in our study were (a) that the measure be defined as indicating diversity, variety, or concentration; and (b) that the measure be consistent with the definition of dual-concept diversity. Each measure is presented below with a textual explanation of the salient aspects of its calculation. The formulas for the calculation of the indices are included in Table 1 . For ease of discussion, we have divided the 12 measures into three groups on the basis of some of the dominant features of their calculation. The classification into varieties of Simpson's (1949) index and logarithmic measures follows that of Good (1982) .
The first group is a class of measures loosely based on Simpson's (1949) Les and Maher's (1998) Ω and its standardized version (Ω z ), Junge's (1994) H, Kvalseth's (1991) OD, the Herfindahl-Hirschman Index (HHI) (Albarran, 2002) , and Fager's (1972) S.
The second group is closely related to the first group but includes logarithmic transformations of the proportions: Shannon's H (Shannon & Weaver, 1949) , Brillouin's H (Stauffer & Reish, 1980) , and Gleason's D (Fager, 1972) . The third group offers two alternative formulations, some of which are quite different from others within the group, but all of which include rankings to some extent: Hall and Tideman's (1967) TH and Fager's NM. Simpson's (1949) D, which is calculated by simply summing the squared proportions and subtracting the sum from 1.0, has long been considered the primary measure of diversity outside the field of communication. Although Gini (cited in Kvalseth, 1991) arrived at the same formula a number of years before Simpson, it is most often referred to as the Simpson Index. The measure is fairly simple to calculate by hand or with statistical packages. Simpson's D has been used in the fields of sociology (Agresti & Agresti, 1977) , ecology (Good, 1982) , and more rarely, communication (McDonald, 1979 Les and Maher's (1998) Ω is calculated by multiplying the sum of the unique cross-products of the category proportions by 2. Although Les and Maher described their measure as a modification of the Gini (Simpson) index, elementary mathematics show that it is actually a reexpression and is identical to the Simpson Index in value and interpretation. The calculation of crossproducts for Ω is more tedious and takes considerably longer to calculate than the squared proportions used in the Simpson Index, however, so there doesn't appear to be any reason to use either the Ω formula or its standardized version (Ω z ), and we do not consider it further.
Junge's (1994) H is calculated using both the number of categories (k) and the squared proportions (see Table 1 ). Kvalseth's (1991) OD is a measure of concentration and includes k in a manner similar to the way in which it is included in Simpson's (1949) The HHI, used often in economic studies as a measure of concentration, is formed by summing the squared percentages. Although the measure has been used in a number of studies (Albarran, 2002; Litman, 1979) , it is not considered in the present study for two reasons. First, as an index, it is mathematically equivalent to the Simpson Index (HHI = 10,000 -10,000D). Any coefficients obtained in correlational analyses using Simpson's (1949) D will apply equally and exactly to the HHI but with a reversal of sign.
The second reason, and the rationale for our use of Simpson's (1949) D rather than the HHI, is interpretability. As described above, Simpson used the squared proportions and subtracted the sum from 1, yielding a measure that ranges between 0 and 1 that is directly interpretable as a probability, whereas the HHI uses squared percentages (omitting the decimal point) and so ranges from near 0 to, in the case of a monopoly, 10,000 (i.e., 100
2 ). To aid in interpretability, various categorization schemes have been applied to the HHI, but these result in fairly arbitrary cut-points and interpretability at the ordinal level only (e.g., "moderate" is less than "high" concentration; Albarran, 2002 We describe the second group of measures as having a logarithmic aspect (see also Good, 1982 , for a similar distinction). However, this distinction is somewhat arbitrary, and some of these measures are closer in calculation and logic to the first group (Simpson's D-based [Simpson, 1949] measures) than to other members of this same group because the logarithm is used as a transformation for only one of the terms in the equation.
Shannon's H, for example, is probably the best known of all the measures we employ because of its central location within information theory (Shannon & Weaver, 1949) . It is defined as the negative sum of the proportions times the log of the proportion. In other words, the mathematics involved in the calculation of H are identical to Simpson's (1949) D except for the logarithmic transformation. Shannon's H has been used in communication research since the 1950s (e.g., Schramm, 1954) and has also been used as a diversity measure in ecology, sociology, and other fields.
Brillouin's H (Stauffer & Reish, 1980 ) involves a logarithmic transformation of factorials representing the sample size and number of elements in each of the classes or categories. The factorials of the number of elements in the categories are multiplied in the formula, which becomes computationally intractable (see Table 1 ). The desktop computer used for analyses in this article, running SPSS 10.0 at 800 MHz and using 256 MB of RAM, was unable to compute Brillouin's H for our sample data. However, Kaesler, Herricks, and Crossman (1978) developed a very close approximation to Brillouin's H, which they noted was mathematically much simpler. Examination of their approximation shows that it is identical to Shannon's H (Shannon & Weaver, 1949) . Because their approximation is identical to Shannon's H, and the exact formula is not currently computable for moderately sized or large samples, we do not consider Brillouin's H further.
Gleason's D (Fager, 1972) is the third measure in the group of measures involving logarithms. Gleason's D is simply the number of categories minus 1 divided by the logarithm of the number of elements. Gleason's D can be quickly calculated with a hand calculator and is one of only three dualconcept diversity measures that do not include the proportions in the formulas themselves. In Gleason's D, the distribution is taken into account only in the sense that in diverse distributions, the number of categories should be large relative to the number of elements in the population.
Two measures are included in a "ranking" group. These measures all involve rankings of categories in some way. The measures are Hall and Tideman's (1967) TH, a measure of concentration, and Fager's (1972) NM, a measure of diversity. Table 1 includes the formulas for these measures. TH is calculated through proportions and weighted by the rank of the categories. Fager's NM is based on frequencies rather than proportions and is defined as the number of moves it would take (changing one element with each move) to change the distribution from what is observed to a diverse (uniform or flat) one.
Method
Thirty years of prime-time network radio programming provided the data for analysis. Summers and Summers's (1958 ) History of Radio Programming, 1927 -1956 provided a listing of every program appearing on network radio from 1926-1927 through 1955-1956 , classified by program type. Summers and Summers used more than 30 different program type classifications, including a few that were used for only one or two programs. For the present analysis, we combined various subtypes (e.g., general variety, semivariety, and musical variety into variety) and continued to combine categories until we converged on 14 categories for the present analysis.
Each of the measures was calculated for each year in the time series, resulting in 30 calculations for each measure. Because each measure used a different metric, they are difficult to compare visually. We therefore normalized (using z scores) each measure, which takes the observed value out of its original metric and puts all of the measures on the same scale to facilitate comparison. After normalizing, measures of concentration were multiplied by -1 so that they reflected diversity. Our analysis focused on three aspects of the diversity measures: an overview of the interrelationship between measures, the sensitivity of each measure to the largest proportion and to the number of categories, and the sensitivity of each measure to changes in the largest proportion and to the number of categories.
Results

Interrelationships Between Measures
Figure 2 provides a graphical overview of the diversity measures across 30 years of network radio programming. The top portion of Figure 2 plots the Simpson's D-based (Simpson, 1949) family of measures-those based primarily on the proportions falling within various categories. The middle portion of the figure plots the measures that involve logarithmic transformations of the proportions within the calculations. The bottom part of the figure indicates the measures that involve ranking in some fashion.
As is evident in Figure 2 , most of the measures were remarkably close to one another in the values for each year. Visual inspection of the graphs indicates that some of the measures took a fairly large dip in 1944-especially those in the logarithm-based family. Junge's (1994) measure would appear to have been closer in value to those in the logarithm-based family because it was the only one in the Simpson's D-based (Simpson, 1949) family that exhibited such a sharp drop in 1944. Fager's (1972) S exhibited somewhat unusual behavior in comparison to the other measures. S started high and then dropped, the only measure to do so. Similarly, Fager's S continued to climb upward in the 1950s, when most of the other measures were either maintaining fairly constant values or dropping a bit.
Both the Simpson's D-based (Simpson, 1949) family and the logarithmbased family were very similar to each other in the general form of the graphs. The rank-based measures, though, appear to have been measuring slightly different aspects of diversity. Fager's (1972) NM behaved similarly to the other measures at the beginning of the time series but declined during the 1950s, which was different from most measures, which stayed nearly constant during the 1950s. Hall and Tideman's (1967) TH appears to have behaved in a manner very similar to Shannon's H (Shannon & Weaver, 1949) .
These apparent similarities and differences, which appear to have been associated with different points in the time series, led us to our research questions regarding interrelationships between measures ( Table 2) . As is evident from the table of intercorrelations, the measures were highly correlated with one another. Fager's (1972) S would appear to have been the only real deviant from the other measures, and even there, the lowest correlation was .357, with most of the correlations between Fager's S and the other measures in the .5 or .6 range.
We took advantage of the time-series aspect of our data to address our research question concerning how sensitive each measure was to the number of categories (k) and the maximum proportions among categories (P max ). As noted above, in certain instances, a measure sensitive to one or another of these measures is desirable; in other instances, that sensitivity may be undesirable. Table 3 presents a summary set of statistics associated with k and P max . The summary statistics are the multiple R 2 , zero-order, partial R, and semipartial R correlations. The statistics were obtained through a timeseries regression in which the time series was differenced to minimize problems with autocorrelation and to assess more clearly how changes in k or P max were associated with changes in the diversity measures. In the table, the multiple R 2 correlations indicate the extent to which changes in k and P max explained changes in values of the diversity measures; the zero-order correlations indicate the extent to which k and P max were individually correlated with the diversity value, the partial R correlations indicate the association between the diversity measure and one of the components while the other component is statistically controlled, and the semipartial R correlations 73
McDonald, Dimmick • Measurement of Diversity (Shannon & Weaver, 1949) provide the clearest choices when one desires sensitivity to both k and P max , although they are essentially mirror images of each other in sensitivity, with Simpson's D somewhat more sensitive to changes in P max and Shannon's H somewhat more sensitive to changes in k. If a measure is sought that is particularly sensitive to changes in k, these analyses suggest that Gleason's D (Fager, 1972) To sketch out these differences, Figure 3 provides an illustration graphing k with Gleason's D (Fager, 1972) and also graphing P max with Hall and Tideman's (1967) TH. As illustrated in the figure, k and Gleason's D are nearly identical graphs; TH also matches P max fairly closely.
Discussion
Diversity is a concept that is central to many different fields. In the present study, we sought to clarify some of the conceptualization and measurement issues by discussing diversity as a two-dimensional concept. One dimension reflects the categories of classification, and the other reflects the distribution of elements within those categories. This "dual-concept" diversity (in Junge's, 1994, terminology) is central to virtually all conceptualizations of diversity, although a number of measurement schemes employed in research have used only one of the dimensions.
Our examination of the measures of dual-concept diversity suggests that for many purposes, it does not make a huge difference which of the dualconcept measures is used. Nearly all the measures we found provided a fairly similar pattern in a time series of 30 years of network radio programming. Nearly all of the measures were reasonably good indicators of diversity and were very close in agreement.
For specialized use, however, certain measures may be more appropriate than others. For example, in situations in which the measures employed must be especially sensitive to changes in the number of categories, Gleason's D (Fager, 1972 ) or Junge's (1994 H may be most appropriate. Such may be the case when studying phenomena for which it is important to note the representation of some categories, even when such categories are a relatively small proportion. Such things as minority ownership of broadcast stations, for example, might be instances in which sensitivity to the presence of small proportions of various racial or ethnic categories of ownership would be a desirable characteristic.
Other situations might suggest the need for measures that are more sensitive to the proportion in the largest category. For example, in measures of the concentration of revenues in firms within an industry, an analyst might desire a measure that gives more weight to the largest firms.
Overall, though, two measures that appear to be the most flexible and about equally sensitive to both k and P max are Shannon's H (Shannon & Weaver, 1949 ) and Simpson's (1949) D. This is highly encouraging because both measures have particular advantages for more elaborate study than the typical diversity studies in which a single measure is the sole dependent variable. It should be noted, however, that a recent study conducted by the present authors (Dimmick & McDonald, 2002) found that Shannon's H may have a more balanced sensitivity to k and P max when sample sizes are very small (less than 10).
Teachman (1980) showed that Shannon's H (Shannon & Weaver, 1949 ) can be partitioned into variance components with partitioning following a proportional-reduction-in-error interpretation. Thus, for example, a researcher might be interested in the components of television programming diversity. Programs might be assigned values associated with a number of different variables and diversity measures calculated across multiple variables rather than for the entire population (as was done in the present study). If the researcher uses Shannon's H for the diversity measure, variation in diversity can be partitioned readily so that the contribution of each variable to the population diversity can be estimated.
The particular advantage of Simpson's (1949) D is somewhat different. Lieberson (1969) and Agresti and Agresti (1977) showed that a simple extension of Simpson's D, Lieberson's D b , can be employed to compare the overlap in diversity of two different populations. Using Lieberson's D b , the researcher described above might examine diversity within and between television networks to answer research questions related to the combined diversity of the networks. Such a measure might be particularly useful in a study of cable television, in which most networks tend to be very homogeneous, but a comparison of all the networks reveals a much more diverse array of programming. Lieberson's D b , as a simple extension of Simpson's D, has the added benefit of interpretability because it indicates the probability that two elements, chosen randomly from two different populations, are from the same category.
Either technique for partitioning diversity is potentially useful in policy formulation or application. For example, the Federal Communications Commission's recent formation of a working group on ownership diversity is considering the relationship between ownership diversity and content diversity. That relationship is capable of being investigated empirically through Shannon's H (Shannon & Weaver, 1949) or Simpson's (1949) D, and such an analysis could yield considerable insight into what relationships may exist.
In all fields, if diversity research is to progress beyond the "singlevariable" character of current studies, it will be important for researchers to settle on measures that reflect the diversity phenomena under study, are sensitive to the diversity components of primary interest, and can be decomposed into variance components. We hope that this article provides a significant step toward enabling those directions.
